In this work, we investigate how the entry of the driving service Uber influences the rate of alcohol related motor vehicle homicides. While significant debate has surrounded the entry of driving services like Uber and Lyft, limited rigorous empirical work has been devoted to uncovering the social benefits of such services (or the mechanism which drives these benefits). Using a difference in difference approach to exploit a natural experiment, the entry of Uber into markets in California between 2009 and 2013, findings suggest a significant drop in the rate of homicides during that time. Furthermore, results suggest that not all services offered by Uber have the same effect, insofar as the effect for the Uber Black car service is intermittent and manifests only in selective locations. These results underscore the coupling of increased availability with cost savings which are necessary to exploit the public welfare gains offered by the sharing economy. Practical and theoretical implications are discussed within.
Introduction
The introduction of ridesharing platforms such as Uber and Lyft has sparked a host of policy debates over the last half decade. Detractors of such programs not only argue that the entry of these firms puts the public at significant risk through their limited liability corporate structure 1 , but that patrons are equally at risk 2 and these firms upset the delicate balance of service providers 3 . Countervailing these perceptions, both scholars and policy makers have argued that such services resolve market failures by providing customers with a much needed service that circumnavigates the bureaucratic processes of licensed livery (Rempel 2014) . However, limited empirical evidence exists to establish the social benefits (or lack thereof) of these platforms. To the extent that Uber has entered more than 53 countries and 200 cities worldwide, and many are debating legislation to allow or bar these platforms, and a robust estimate of any social benefits that these services provide could factor heavily in the legislative debates.
One social benefit consistently associated with these platforms, and presently being debated in the media, is the potential for reducing the instances of drunk driving (Badger 2014) .
As existing regulatory structures for traditional vehicle for hire services, viz. taxicabs, are designed to retard the number of licensed vehicles on the road in order to manufacture excess demand (Sternberg 1996) , the absence of a sufficient number of taxis may result in citizens operating motor vehicles under the influence of alcohol (Grove 2013) . Inasmuch as the result of these public welfare losses are often born by taxpayers, such as the cost of prosecuting and incarcerating individuals convicted of DUI, the effective management of the number of and type of vehicle for hire services poses a significant challenge for policy makers.
Preliminary analysis conducted by Uber and several industry analysts suggest that 1 http://www.nytimes.com/2014/10/19/upshot/when-uber-lyft-and-airbnb-meet-the-real-world.html?abt=0002&abg=0 2 http://www.sfexaminer.com/sanfrancisco/uber-driver-suspected-of-attacking-passenger-in-sf-raises-safetyconcerns/Content?oid=2907619 3 http://www.nytimes.com/2014/09/30/business/uniteds-deal-with-uber-raises-concerns.html introduction of Uber and other ride sharing services has a negative influence on DUI arrests 4 .
However, these studies have been questioned on several grounds: including involvement of Uber in the data analysis, methodological rigor (i.e. single city estimations), and the presence of confounding factors such as changes in city's population, bar scene, and tougher enforcement.
Moreover, a limited understanding of the mechanisms by which such services influence the rate of DUIs exists. On one hand, it is plausible that the decrease in DUI is simply the result of availability of vehicles for hire and that patrons are willing to pay a price premium for such services. Insofar as it is often difficult to hire a taxi, based on time, location, or even the race of the patron (Meeks 2010) , it is plausible that the presence of the platform mitigates these market inefficiencies by soliciting the driver electronically, thereby significantly reducing search costs (Parker and Van Alstyne 2005) and creating excess utility for the consumer. On the other hand, it is equally plausible that the effect is a result of both availability and cost. Drawing from rational choice theory Cornish 1985, Cornish and Clarke 2014) it is conceivable that individuals who make the decision to drive under the influence do so based on the costs associated with conviction, the cost of searching for and hiring a taxi, and the probability of being stopped by the police and/or striking another driver. This broad question: what is the impact of Uber's introduction on alcohol related motor vehicle homicides in the local area and by what mechanisms, forms the core of the research investigated in this paper.
Empirically, we exploit a natural experiment, the introduction of the ride sharing service Uber into cities in the State of California between 2009 and 2014, to investigate the effect.
Leveraging this econometric setup offers us several advantages. First, to the extent that the entrance of Uber is staggered temporally and geographically, we execute a difference in difference estimation to establish the effect. Second, Uber offers multiple services in each of the treated areas with varying price points (note that these services also enter at varying times and orders). On one hand, UberBlack, a town car service, offers transportation with a significant markup over taxicabs (~20% -~30% price premium). On the other, the UberX service is a personalized driving service which offers significant discounts over taxis (~20% -~30% price reductions). To the degree that each of these services identifies a different mechanism being at play (availability v. availability and price point), we are able to cleanly identify the dominant mechanisms at play. We test these using hand collected data from the California Highway Patrol (CHP) safety and crash dataset and a custom webscraper which indicates when each service entered a geographic area in California.
Results indicate that while the entry of UberX strongly and negatively affects the number of motor vehicle homicides which occur in townships, limited evidence exists to support previous claims that this occurs with the Uber Black car service as well (indicating that prior claims about the efficacy of Uber may have been overstated (Badger 2014) ). Further, results
indicate that the time for such effects to manifest vary is significant (upwards of 9 -15 months).
These results are robust to a variety of estimations (e.g. OLS, Poisson, and Quasi-Maximum Likelihood count models) and operationalizations. Finally, findings suggest an absence of a heterogeneous pre-treatment homicide trend in treated locations, indicating that the primary assumptions of the difference in difference model are not violated (Angrist and Pischke 2008, Bertrand et al. 2002) . Further, results suggest no effect of Uber when surge pricing is likely in effect, thereby underscoring the importance of cost considerations. Economically, results
indicate that the entrance of Uber X results in a 3.6% -5.6% decrease in the rate of motor vehicle homicides per quarter in the state of California. With more than 1000 deaths 5 occurring in California due to alcohol related car crashes every year, this represents a substantial 5 http://apps.dmv.ca.gov/about/profile/rd/r_d_report/Section_5/S5-243.pdf opportunity to improve public welfare and save lives.
Theoretically, these results add interesting nuance to extant understanding of the sharing economy. To the extent that researchers have proposed the sharing economy as a viable alternative to established market firms in many markets, e.g. AirBnB (Edelman and Luca 2014) and crowdsourcing for the funding of nascent ventures (Burtch et al. 2013) , our results highlight the importance of cost considerations in resolving such market failures. While it is plausible that increased access to services, regardless of cost, would allow consumers to price point differentiate based on their own preferences, a preference of consumers towards established services as costs increase is suggested. Further, to the degree that results underscore the beneficial effects of ridesharing services, inasmuch as considerable public welfare loss in the form of motor vehicle homicide is avoided, this work informs the ongoing policy debate regarding ridesharing services. Finally, this work contributes to the small, but growing stream, of literature discussing the societal impacts of electronic platforms (Burtch et al. 2013 , Greenwood and Agarwal 2013 . To the degree that platforms have been found both enhance and diminish public welfare, our work contributes by drawing a richer picture of the public welfare implications of platform introduction.
Related Literature
To investigate which mechanism drives the observed change in the rate of alcohol related crashes we juxtapose two literatures: extant work regarding cost reduction through platforms and existing work from criminology regarding rational choice theory.
Extant work platforms has a rich tradition in information systems and economics spanning more than two decades (Bakos and Bailey 1997 , Brynjolfsson et al. 2003 , Brynjolfsson and Smith 2000 , Malone et al. 1987 , Parker and Van Alstyne 2005 , Rochet and Tirole 2003 . At root, two perspectives have been taken by this work. In the first, scholars have argued that the creation of platforms which facilitate commerce can reduce market inefficiencies by facilitating the buyer-seller match (Bakos and Bailey 1997). As a result, the implementation of the platform reduces the cost of transactions by increasing the likelihood that an individual who is leveraging the platform finds an acceptable trading partner. In the other, platforms have been argued to increase information transparency in markets by reducing information asymmetries (Brynjolfsson et al. 2003) . In this work, researchers have argued that the platform facilitates frictionless commerce by protecting the buyer and seller from opportunism on the part of the other party through increased price transparency (Williamson 1981) . While the perspectives taken by each of these literatures is rather different the end result is the same; by increasing the amount of publically available knowledge regarding prices and products, platforms are able to expedite the exchange of goods and services while creating a surplus of welfare for both the buyer and seller (Parker and Van Alstyne 2005) .
While early manifestations of such work were either analytically driven to advance platform theory (Birkland and Lawrence 2009) , or focused on more traditional examples of internet platforms such as eBay or Amazon.com (Brynjolfsson et al. 2003 , Chevalier and Goolsbee 2003 , Forman et al. 2008 ), a recent burgeoning literature on the societal impact of platforms has emerged. Interestingly, bevy of topics have been investigated, ranging from dating (Bapna et al. 2012) , to the spread of HIV Ghose 2014, Greenwood and Agarwal 2013) , to crowdfunding (Burtch et al. 2013) , to even the spread of hate crimes ).
In each, much as was the case for commerce driven platforms, two mechanisms have been suggested to drive the effect: self-selection into using the platform and decreased search costs (Brynjolfsson and Smith 2000) . It is within this budding literature on the societal impact of platforms where we position this work. To the degree that the regulating America's roadways has received significant attention from scholars (Feng et al. 2005 , West 2004 , due both to the economic scope of the industry and the externalities which it generates (Parry et al. 2007) , it is an ideal context to further the scope of this literature.
Why might the introduction of Uber influence the rate of alcohol related motor vehicle homicides? As discussed above, extant platforms theory suggests many reasons why the introduction of electronic intermediaries may have an effect (Parker and Van Alstyne 2005) . To the extent that it is often difficult to hire a cab (Meeks 2010) , platform theory would suggest that the search costs associated with finding transportation would decrease significantly. Insofar as the Uber app mitigates significant information asymmetries between the patron and the driver by granting the user access to information like the type of vehicle and the time it will take the driver to get to the user's location, without relying on stochastic discovery of each other by the driver and patron (viz. standing on the side of the road). Furthermore, significant research suggests that consumers may be willing to pay a significant price premium for such a service by trading off the costs of searching for a cab with the certainty of knowing when an Uber will arrive. Because the process of discovering a traditional cab is not costless, as the search is characterized by considerable uncertainty, it is plausible that risk averse users will value the certainty of knowing when the Uber will arrive more than the time spent searching for a cab. As a result, users may be willing to pay a premium for the service. Following this logic through to completion, this would suggest that a decrease in the rate of drunk driving could conceivably be tied to a service like the Uber Black car service, which charges users a price premium over taxis, but mitigates the vast majority of the uncertainty. We therefore propose the following:
H1: Implementation of the Uber Black car service will be associated with a negative and significant decrease in the rate of alcohol related motor vehicle homicides.
While the literature discussed thus far suggests that Uber users may be willing to pay a price premium for transportation, it is also plausible that the utility the user garners from hiring a cab, ex ante, is insufficient to justify hiring the cab in the first place, let alone pay a price premium for such a service. As received research suggests that the price of cabs is often a component in a person's decision to drive under the influence (Nagin and Paternoster 1993) , it is therefore possible that premium services like Uber Black will not decrease the drunk driving rate, notably if the substitution of decreased search costs for uncertainty does not generate excess utility. More simply, if a user's willingness to pay for cabs to avoid a DUI is sufficiently low, and the decreased search cost associated with using the Uber app does not generate excess utility, then a premium service like Uber Black will likely not have an effect on the drunk driving rate despite the increased access, i.e. availability, to transportation the app provides.
While the notion that inebriated individuals make such rational calculations about willingness to pay during the decision to drive under the influence may seem counterintuitive, extant work from psychology and criminology suggests that this may be exactly the case Cornish 1985, Cornish and Clarke 2014) . The main thrust of this body of literature, termed
Rational Choice Theory, argues that individuals commit crimes out of a set of rational trade-offs which benefit them, as opposed to individual level psychoses or a natural predilection to engage in criminal enterprise Cornish 1985, Cornish and Clarke 2014) . More simply, rational choice theory suggests that offenders respond selectively to particular situations based on the probability of being apprehended, the benefit they will reap from the crime, and the opportunity cost of selecting one option over another (Clarke and Cornish 1985) .
Since the theory was originally proposed by Friedman in 1966, and applied in the field of criminology by Clarke and Cornish (1985) , it has sparked a host of research relating to crime in economics Becker and Murphy (1988) , sociology (Hechter and Kanazawa 1997) , and even political science (Pétry 1995) . While varying different modifiers and qualifiers have been discovered during that time: such as the individual's self-control (Nagin and Paternoster 1993) , the ability to easily find co-conspirators (Cornish and Clarke 2014) , and social conditions which change the availability of "marks" for criminals (Cohen and Felson 1979) 6 , the core of the theory remains relatively unchanged. When presented with sufficient payouts, and a limited marginal cost, rational individuals are more likely to engage in criminal enterprise.
In the context of Uber the implications of this research are particularly notable. While platform theory would suggest that intoxicated driving is the result of the individual being unable to hire a cab (i.e. availability), rational choice theory would suggest that individuals may be able to find drivers, but are electing to drive themselves based on the price point those taxi's offer (i.e.
cost or a mix of availability and cost). More simply, because of the cost of hiring a taxi, and the perceived cost and probability of being apprehended by the police, individuals are making the rational trade-off to drive themselves while under the influence. Interestingly, the decision to engage in drunk driving, even when controlling for self-control and other individual level factors, has significant support in extant literature (Nagin and Paternoster 1993) . As a result, this would suggest that services like Uber X, which offers a significant price reduction over traditional taxi cabs (~20% -30% depending on location) would have a far greater negative effect on the drunk driving rate because it both increases the accessibility of transportation (much like Uber Black) and decreases the gap between the costs of being discovered driving under the influence, and the cost of hiring the driver. Therefore, we propose the following:
H2: Implementation of the Uber X car service will be associated with a negative and significant decrease in the rate of alcohol related motor vehicle homicides.
Before moving to our empirical analysis we note that these two hypotheses (H1 and H2)
are not mutually exclusive. To the degree that some individuals may be motivated by costs, and others are willing to pay the premium cost associated with the black car service, it is plausible that both services have an effect. However, the goal of this investigation is to determine which effect dominates the other (i.e. has the largest effect on the rate of alcohol related motor vehicle homicides).
Methodology

Context
As discussed above, Uber is an app based ridesharing service currently operating in more than 50 Figure 1 contains a screen shot of the current Uber app. As can be seen, the app provides an estimated time it will take the patron to be picked up, as well as a sliding bar which allows the user to choose which service she wishes to use. Once the vehicle has been requested the fare is linked to the user's credit card (which is stored in the app) or PayPal account and after the transaction is complete the users account is electronically billed. The app also allows for ratings of both passengers and drivers through a traditional online reviews 1-5 star rating.
Importantly for our research question, the two dominant services used, Uber Black (the traditional black car service) and Uber X (the discount service), offer significantly different price points for providing their services. As discussed previously, Uber Black charges a significant premium over traditional taxi cab services (20%-30%) while Uber X offers a significant price reduction (20%-30% lower than taxis). Because both of these services offer the platform advantages of increased availability, but significantly different price points, this setup, as well as the staggered rollout, allow us to determine if either or both services will have an effect on the alcohol related vehicular homicide rate.
Data
To empirically estimate the effect of Uber entry on the motor vehicle homicide rate we create a unique dataset from several sources within the California Highway Patrol's Statewide Integrated Traffic Report System (SWITRS). This rich dataset gives us information not only on the number of crashes which occurred within each township in the state of California, but blood alcohol content of the driver (i.e. if alcohol was involved), the number of parties involved, weather, speed, and other environmental factors. Although California is a single state, the fact that it is the most populated state in the nation and has had Uber service the longest, makes it ideal for testing our research question. When combined, this dataset comprises 12420 observations spanning 23 quarters (January 2009 -September of 2014) over 540 townships in the state of California.
Summary statistics and correlations can be found in Table 1 .
Variable Definitions
Dependent Variable: The dependent variable, ln(NumDeaths), is the natural log (+1) of the number of people who were killed in a motor vehicle accident in town j during quarter t where at least one of the involved parties was under the influence of alcohol (i.e. a blood alcohol content >= 0.08%) 8 . We use the number of deaths, as opposed to the number of crashes or traffic stops, because there is a significant delay in the aggregation of data which does not involve significant injury. At the time of data collection (November 2014), non-injury collision data were available only through October 2013 (thereby dramatically limiting the variability in the entry of Uber services and the duration of treatment).
Independent Variables: Our primary independent variables of interest are two dichotomous treatment indicators, UberX and UberBlack, which indicate the entry of the Uber black car service and Uber X service, respectively, into the county where city j is located at time t 9 . A full listing of the counties which receive the Uber treatments is available in Table 2 . As discussed previously, Uber Black is a premium car service which can be hired through the application (thereby eliminating the availability concerns which are present with hiring a taxi) at a price premium of roughly 20-30% depending on location. Further, Uber X is a discount service where drivers will bring the user to her requested location using their personal vehicles for a price reduction (again roughly 20-30% over taxis depending on location). Information about the data of Uber entry is retrieved by hand from the Uber website 10 . These variables are coded as 1 during the first full quarter the city has received treatment. Finally, to complete the difference in difference estimation we include time (quarter) and city fixed effects.
Empirical Estimation
As the dependent variable of the investigation is a log we conduct our baseline estimation using an ordinary least squares regression. We estimate the effect of changes in treatment on the dependent variable (yjt) using the following equation:
8 Note that results are consistent when estimated at the week and month level. We use quarters, as opposed to these time periods, to increase the interpretability of the later estimations, viz. the relative time model. 9 Attempts to get the number of drivers working for Uber in each location were made but denied by the firm. 10 blog.uber.com
where yjt represents the log of the number of drivers killed in alcohol related crashes, M is the vector of Uber treatments, H is the vector of time fixed effects, and R is the vector of town fixed effects. α and ε indicate the constant and error term. {θ, η, γ} represent the terms to be estimated.
To reduce heteroscedasticity concerns we leverage robust standard errors clustered at the county level (i.e. the level of treatment). Results can be found in Table 3 .
Before discussing the results we first remediate several well-known concerns with the difference in difference estimation (Angrist and Pischke 2008, Bertrand et al. 2002) . Chief among them is the assumption that there is no difference in the pre-treatment trend across observations which is not resolved by the location fixed effects. To the extent that randomly distributed factors across the state of California may result in pre-treatment heterogeneity, such as non-random selection (i.e. endogenous entry) into different counties, we replicate our investigation using the relative time model discussed in Greenwood and Agarwal (2013) . This is done by creating a second series of time dummies, in addition to the chronological time dummies, which indicate the relative chronological distance between time t and the time Uber is implemented in city j. Intuitively, what this model allows us to do is measure the effect of treatment over time (both before and after the treatment is applied). Econometrically, the primary benefit of this model is that it can determine if a pre-treatment trend exists (i.e. a significant difference between treated and untreated counties) in order to determine if the untreated counties are an acceptable control group. If such a trend exists, it would violate one of the primary assumptions of the difference in difference model (Bertrand et al. 2002) . We therefore model the number of motor vehicle homicides in j at time t using the following specification:
As before yjt represents the log of the number of people killed in alcohol related crashes, H is the vector of time fixed effects, and R is the vector of town fixed effects. α and ε indicate the constant and error term, respectively. s2 is a dichotomous variable which indicates whether or not Uber will ever affect city j during the study and the vector { } contains the relative time parameters to be estimated (i.e. the chronological distance between time t and the time the Uber service will be implemented at city j). Standard errors are robust and clustered at the county level. Results can be found in Table 4 . Note that the full model, i.e. with the relative time controls for both UberX and Uber Black, cannot be run concurrently because the model will be over-specified. For this reason, we estimate the relative time models independently.
Results
With respect to our independent variables of interest, Uber X and Uber Black, the results are intriguing. While results suggest that introducing Uber X (Columns 1 and 3) into a city has a significant dampening effect on the number of alcohol related driving deaths, the introduction of Uber Black (Columns 2 and 3) does not. All else equal this suggests several key pieces of information. First, it suggests that previous within city investigations of the effect of Uber entry may have been overstated (e.g. Badger 2014). Second, it suggests that a coupling of cost and availability is the key driving force behind the decrease in DUI related deaths, indicating that patrons are unwilling to pay a price premium for the Uber Black service, even in the short term.
Economically, these results suggest an average decrease in DUIs related homicides of 3.6% in locations treated by Uber X in the state of California.
The results from the relative time model (Table 4) further underscore these findings. We first note that none of the pre-treatment time dummies (i.e. Rel Time(t-x)) are significant, thereby allowing us to validate the assumptions of the difference in difference model (Angrist and Pischke 2008, Bertrand et al. 2002) 11 . The absence of significance suggests that there is no significant heterogeneity, pre-treatment, across cities which receive the Uber treatment, and those which do not, which has not been accounted for. Second, we see that while an effect manifests almost immediately for Uber X, it does not become stable until roughly nine months after treatment. This further underscores the absence of an effect for Uber Black, even in the long term. Finally, the fact that the stable effect takes a significant period of time to manifest casts further doubt on prior investigations which claim an effect appears in weeks or even days (not months as our results indicate).
Taken in sum, results indicate a significant effect for Uber X, and the absence of an effect for Uber Black. To the extent that Uber X provides significant cost savings over traditional taxi cabs, our results suggest that the dominant mechanism which is driving the observed decrease in motor vehicle homicide is cost.
Robustness Checks Selection Model
While our preliminary results indicate the absence of a significant pre-treatment trend, the assumption that Uber entry into varying locations is purely exogenous remains questionable. To further test this assumption we include a robust set of controls which may influence the decision by Uber executives to enter local markets. More specifically, to account for population level factors (e.g. age, education, population, wealth) which might influence the entry of Uber into a local area we combine the existing dataset with information from the US Department of Health Tables 5 and 6 .
Before considering the effect of Uber Black and Uber X in these estimations we first consider the effects from our control variables. Interestingly, we see that a change in any of the other controls significantly influences the number of motor vehicle homicides involving alcohol during the period of investigation. This further underscores the fact that the fixed effects for the local municipalities are effectively controlling for across city heterogeneity in the estimations.
Recall that, as there are time fixed effects in the estimations as well, these variables should be interpreted as changes in the independent variable. Moreover, results from the primary variables of interest remain consistent insofar as we see a negative and significant effect of Uber X and no significant effect of Uber Black.
Count Model
Although our initial regressions have shown remarkable consistency across several specifications, other potentially confounding problems remain. The first is that the distribution of the dependent variable is not strictly Gaussian, despite being logged. To the extent that this violates one of the basic assumptions of the Gauss-Markov theorem, because the distribution of the error term will not be Gaussian, it may lead to inconsistent estimations of the results. To remedy this concern we re-estimate our results using a non-transformed dependent variable to increase our confidence in the baseline estimations.
Empirically, we perform these regressions using two different estimators. The first is a traditional OLS. The second is a Poisson quasi-maximum likelihood estimator (Simcoe 2007) (QMLE) which has been used extensively in recent work (Azoulay et al. 2010, Greenwood and Gopal 2012 well as its derivation, can be found in Wooldridge (1997) . As before, we replicate the estimation of both equation 1 and 2 using the non-transformed DV. Results are in Tables 7 and 8 .
Results in Table 7 add interesting nuance to the previous estimations. While the effect of Uber Black remains insignificant using both estimators, the effect of Uber X is significant only using the OLS estimator. However, when considering the results from Table 8 the reason behind the insignificant result becomes clear. While the log relative time model (Tables 4 and 6 ) and the OLS count model (Table 8 Column 2) both suggest the effect becomes significant and consistent after roughly nine months, the QMLE suggests that the effect takes significantly longer to manifest (5 quarters). All else equal, this suggests that the delay in the time for the effect to manifest, i.e. the initially insignificant effect, is masking the later significant effect. Furthermore, both models show an intermittent effect for Uber Black (Columns 2 and 4), although the rarity with which the effect appears makes any conclusion being drawn from the estimations dubious.
Coarsened Exact Match
Our next concern is that while the controls and fixed effects account for much of the unobserved heterogeneity between treated and untreated groups, insofar as changes in the controls in Tables   5 and 6 yield no significant effect on the dependent variable, it is plausible that the untreated cities are not a representative counterfactual for treated cities 12 . To resolve this we execute a coarsened exact matching (CEM) procedure to limit the ex-ante differences between the treatment and control samples (Blackwell et al. 2009 , Iacus et al. 2012 . Principally, the CEM allows us to match explicitly on observable characteristics and simultaneously limit the differences between the two groups from both a multivariate and univariate perspective. To the extent that this increase the homogeneity between the two samples, it increases the strength of the causal claims from change in the treatment (Overby and Forman 2014) , i.e. Uber entry. To execute this procedure we match on three different criteria: the population of the city as determined by the SWITRS dataset, per capita income of the city, and current period 13 . We then replicate the analysis from Table 3 . Results, once again, indicate a strong and significant effect of Uber X entry, and an insignificant effect of Uber Black entry. Moreover, we note that the size of the Uber X coefficient is significantly larger in this far more constrained model (more than 1.5x the size).
Random Treatment Model
The final robustness test we run is a random implementation model to determine with what probability the observed effect could have occurred purely by chance. To the extent that significant changes in the motor vehicle homicide rate may be occurring in untreated locations, or the effect of the Uber treatment is substantially driven by a single location, this model provides an important robustness check against outliers.
To execute this model we take two approaches. In the first we randomly apply the Uber X treatment to 862 city-quarters (1249 for Uber Black). We then regress the log of the alcohol related motor vehicle homicide rate upon this "pseudo" treatment and store the coefficient. This analysis is then replicated 1000 times and the draw of the actual treatment is compared against the mean and standard deviation of the pseudo-treatments. In the second approach we apply the pseudo treatment only to cities which eventually receive the Uber treatment. Results are in Table   10 . As can be seen from the results, the probability of a similar coefficient occurring purely by chance is exceptionally likely for Uber Black (which is unsurprising given the insignificant coefficient in the majority of the estimated models). However, in both random treatments (both purely random and random within treated cities) the probability of a similarly sized coefficient appearing purely by chance for Uber X is exceptionally low (P<0.001).
Empirical Extensions
While our empirical estimations thus far suggest that cost considerations are of the utmost importance when patrons avoid operating under the influence it is worth considering the boundary conditions of this effect, i.e. when the strength of the effect is intensified or attenuated.
To explore these conditions we consider two potential moderators to demand: days of the year when demand is likely to spike, thereby causing Uber's surge pricing to be put into effect, and the size of the local population, which should correlate with the steady state demand in the local market.
Surge Pricing
The first empirical extension we investigate is whether or not the effect of Uber still manifests during spikes in demand. To the extent that spikes in demand will cause Uber's surge pricing 14 to be put into effect, thereby raising the price of hiring either an Uber X or Uber Black car, this is an important extension to conduct because of the dependence of our results on low cost options.
If, for example, the effect of Uber intensified or stayed constant during periods of higher demand, this would suggest that the lack of supply of taxis is the dominant mechanism by which the drop in alcohol related motor vehicle homicides occurs. Alternatively, if the effect attenuates during spikes in demand, when cost concomitantly rises due to the surge pricing, this would suggest that cost is indeed the driving mechanism because Ubers of either price are no longer being hired to avoid driving under the influence.
To estimate the effect of Uber entry during these times we recalculate the dependent variable as the total number of alcohol related motor vehicle deaths during Friday and Saturday nights (i.e. weekend nights where drinking is more prevalent) and US major holidays which involve drinking 15 , thereby resulting in an increased load on the vehicles for hire in the local area. We then re-estimate equation 1. Results are in Table 11 and indicate no significant effect of Uber entry on the number of persons killed during these times. Taken in sum, this underscores findings thus far which indicate that costs are the most significant factor in understanding the negative effect of Uber entry on the decrease in the alcohol related motor vehicle homicide rate.
Population
Our final set of empirical estimations relate to the size of the population in the local area. To the extent that the size of local population will affect the size of the steady state demand, and by extension the supply of Ubers in the local area because Uber drivers will respond to extant market forces, it is reasonable to assume that local markets will exist in a steady state 14 A full explanation of surge pricing from Uber can be found here: https://support.uber.com/hc/en-us/articles/201836656-Whatis-surge-pricing-and-how-does-it-work- 15 The full list of holidays includes: Fourth of July, Memorial Day, Labor Day, Cinco de Mayo, Thanksgiving, the day before Thanksgiving, Christmas, Christmas Eve, Halloween, Easter, New Years Eve, and Superbowl Sunday. The source of these data is: http://content.time.com/time/specials/packages/article/0,28804,1986906_1986905_1986891,00.html equilibrium of Uber distribution. While this would suggest that there would be no difference of the per capita effect of Uber, by city population size, the opposite may also be true. On one hand, it is plausible that the relative size of the effect in larger cities may be smaller because larger cities often have more established alternative transportation options, viz. public transportation.
Alternatively, it is also possible that the effect would be larger in large cities because smaller townships have too small a population to garner significant attention from Uber drivers. To the extent that an a priori expectation of the effect is tenuous, and an understanding of how different locations are affected differently paints a richer picture of how the sharing economy influences public welfare, we allow our empirical analysis to guide us.
To investigate in which cities Uber has a stronger and weaker effect we trichotomize the population data from the SWITRS dataset into three groups: small cities (which serves as the base case), medium sized cities (those with populations greater than 50,000 people and less than 250,000 people), and large cities (those with populations greater than 250,000 people). We then interact these new variables with the Uber treatment and replicate our estimations 16 . Results are in Table 12 . Strikingly, these findings suggest several interesting differences. First, we see that as the population of local cities increases, there is a concomitant rise in the effect of Uber entry.
Moreover, we see that a significant effect also manifests for Uber Black car services (although the size of the effect declines precipitously in the presence of Uber X (Column 3)). Taken in sum, these results suggest a significantly stronger negative effect on the alcohol related motor vehicle homicide rate in larger cities when compared with smaller cities.
Discussion and Conclusion
In this work we investigated the effect of the entry of various different services offered by the ridesharing service Uber on the incidence rate of alcohol related motor vehicle homicide. While intuition would suggest the rate of alcohol related crashes should decrease after Uber enters a local market, we argued that the willingness to pay for such a service and the necessary conditions for an effect to manifest is still unknown. On one hand, it is plausible that an effect would manifest as a result of the increased availability of driving services, due to the decrease in search costs and the difficulty in hiring a cab based on the location, time, or even race of the individual. On the other hand, it is equally plausible that both cost and availability are the main mitigating factors preventing individuals from hiring cabs. To the extent that rational choice theory Cornish 1985, Cornish and Clarke 2014) suggests that most decisions to engage in illegal activity are a function of the reward, potential penalty, and the probability of being apprehended by law enforcement, it is possible that these homicides are a result of rational choice on the part of consumers. Results indicate that there is a significant effect of the entry of lower priced Uber options, viz. Uber X, indicating that price is the main barrier to reducing the DUI rate in many jurisdictions. Furthermore, results suggest a significantly stronger effect in larger cities. Finally, findings suggest that there is no effect when surge pricing is likely in effect (i.e. during weekends and drinking holidays), thereby underscoring the importance of cost in affecting the number of deaths which occur in alcohol related crashes.
Economically, results indicate that the entrance of Uber X results in a 3.6% -5.6%
decrease in the rate of motor vehicle homicides per quarter in the state of California. With more than 13k deaths occurring nationally each year due to alcohol related car crashes at a cost of 37 billion dollars 17 , results indicate that a complete implementation of Uber X would create a public welfare net of over 1.3 billion to American taxpayers and save roughly 500 lives annually.
Moreover, with costs to the individual (e.g. court costs, insurance rate increases, loss of income)
17 http://www.rita.dot.gov/bts/sites/rita.dot.gov.bts/files/publications/by_the_numbers/drunk_driving/index.html usually totaling between 5k and 12k dollars for the first DUI offence 18 , significant welfare accrues to the individual as well by leveraging these services.
Theoretically, these results have many implications for the sharing economy. To the degree that vendors such as AirBnB, Uber, and Lyft have been proposed as solutions to many market failures our work provides cautionary evidence that consumers will continue to use established vendors when prices increase. As a result, while lower priced hotels and car services may be usurped by these emerging business models, minimal evidence exists to suggest that premium vendors will be displaced (as evidenced by the absence of a stable and consistent effect for Uber Black Car services).
Furthermore, findings have important implications for the ongoing debate regarding the legality of services like Uber. Although the results of this investigation cannot speak to public welfare losses which may result from improper vehicle handling or safety on the part of consumers, they provide important insights into the potential benefits of the sharing economy.
To the extent that much of the debate surrounded Uber is speculative, with the absence of hard data and robust empirical investigations to quantify the losses or gains of such services, this work provides a key insights into the benefits such services can provide to policy makers.
Finally, this work contributes to the small, but growing, literature in information systems about the effect of information sharing platforms on public welfare (Bapna et al. 2012 , Burtch et al. 2013 , Greenwood and Agarwal 2013 . To the degree that platforms have been found both enhance (Burtch et al. 2013 ) and diminish Ghose 2014, Greenwood and Agarwal 2013) public welfare, our work contributes by drawing a richer picture of the public welfare implications of platform introduction. Moreover, it serves as an open call to 
